from such simple schemes as Thiessen polygons or inverse distance weighting [2, 3] to such complex statistical methods as geostatistical ordinary kriging and cokriging [4] [5] [6] . In geostatistical methods, geostatistical multivariate approaches are widely used to predict the precipitation values over a given area by considering secondary information sampled over the same area to enhance the interpolation quality [7] . Many studies have used a cheaper, widely available data source, elevation, or other parameters extracted from digital elevation models (DEMs) in utilizing the relationship between precipitation and elevation [8, 9] . However, the reliability of data from meteorological stations is limited by their lack of ample spatial coverage. Satellite remote sensing products are increasingly used as covariates because they afford spatially detailed information about precipitation distribution [10] [11] [12] . The spatially detailed information provided by satellite-based precipitation is even more signifi cant in the context of data-scarce regions.
The Tibetan Plateau is located in the southern region of the Qinghai-Tibet Plateau (26.30°N~ 36.20°N, 78.15°E~ 99.04°E) and covers an area of over 1.2 million km 2 . It makes up the main part of the Qinghai-Tibet Plateau [13] . The Tibetan Plateau has an average elevation of over 4,000 m, and the terrain slopes from the northwest to the southeast. The present study employed three different spatial interpolation methods -ordinary kriging, cokriging with covariates as elevation (Cok-elevation), and cokriging with covariates as Tropical Rainfall Measuring Mission (Cok-TRMM) -to produce a spatial precipitation distribution by utilizing precipitation data from 39 rain gauges on the Tibetan Plateau. Over the course of this process, the three methods were evaluated as to their suitability for this observed data-scarce region.
Data and Methods

Rain Gauge Data
Precipitation has an uneven spatial and temporal distribution on the Tibetan Plateau. Average annual precipitation is below 400 mm in most areas and gradually decreases from the southeast to the northwest. The precipitation is mostly concentrated between May and September, a period that accounts for 90% of the annual precipitation, and the precipitation has signifi cant interannual variation [14, 15] .
In this study, observed precipitation data stem from the China Meteorological Data Sharing Service System (wwwcdc.nmic.). The system includes data from 39 rain gauge stations from 1998-2010, a period of more than 10 years (Fig. 1) . Daily data from the rain gauge stations are available and can be used to create aggregate annual precipitation totals. The annual precipitation data include traces of precipitation from snow grains, fog, and dew, among other sources.
The 39 rain gauges on the Tibetan Plateau are poorly distributed; they are relatively dense in the southeast and very sparse in the northwest (Fig. 1) . The precipitation data from these 39 rain gauges are used as ground truth for evaluating the quality of the precipitation estimates obtained from the interpolation methods.
Interpolation Methods
Spatial interpolation is the generation of evaluation values or attributes for unsampled or missing locations within the area covered by existing measurements. It is most often applied as a precursor to creating contour or isoline plots, the drawing of equal value lines to produce a realistic surface between measurement points [16, 17] .
Interpolation methods can be grouped into deterministic and geostatistical methods. Deterministic interpolation methods create surfaces from observed points based on either the extent of similarity (e.g., IDW-Inverse distance weighted) or the degree of smoothing (e.g., CRS-Completely regularized spline). Geostatistical interpolation methods (e.g. , kriging, cokriging) utilize statistical properties of the observed points. Geostatistical methods quantify spatial autocorrelation among observed points and account for the spatial confi guration of sample points around the predicted location [18] . Ordinary kriging and cokriging were the geostatistical methods used in the study.
Kriging has become a primary tool in geostatistics for point interpolation. Kriging produces weights from surrounding observed values to predict values at unobserved locations. The closest observed values generally have the most infl uence on kriging. Kriging weights are based on a semivariogram developed from the spatial structure of the data. To create a realistic surface or map, predicted values are created for locations in the research region based on the semivariogram and the spatial distribution of nearby observed values. There are four different kriging types: ordinary kriging, simple kriging, universal kriging, and disjunctive kriging. This study relied on ordinary kriging, which is the most common and widely used kriging method. It estimates the value of climatic variables at a given point from values at surrounding stations and a variogram model for that variable [18] [19] [20] .
Cokriging is similar to kriging, except that it makes use of additional covariates, such as climatic variables and elevation. Thus, cokriging takes advantage of intervariable correlation. Cokriging is most effective when the covariates are highly correlated [20, 21] . For the Tibetan Plateau, two covariates were taken into account: i) elevation and ii) tropical rainfall measuring mission (TRMM) data for Cokriging.
Elevation is commonly used as a covariate for precipitation [22, 23] . Because of the scarce rain gauges, in some years no signifi cant correlation was found between precipitation and elevation data for the Tibetan Plateau ( Table 1 ). The use of Cok-elevation interpolation methods could result in differences and, hence, in deviations from the actual spatial distribution of precipitation.
We therefore used TRMM data as covariates to improve interpolant precision. The TRMM data was taken from www.trmm.gsfc.nasa.gov. TRMM data collection began in 1997 in a partnership between the U.S. National Aeronautics and Space Administration (NASA) and the Japan Aerospace Exploration Agency (JAXA). TRMM is a satellite-based program for observing tropical precipitation and helping to quantify the associated distribution and transport of latent heat, which drives the global atmospheric system. TRMM 3B42 v6 precipitation products are available at a spatial resolution of 0.25° × 0.25° and a 3-h time step [24] [25] [26] . TRMM 3B42 data are summed in order to determine the annual precipitation [27] . TRMM data yield a high correlation coeffi cient when compared with measured annual precipitation ( Table 1) .
Validation
Interpolation results must be assessed by statistics that indicate the degree of concordance between the models and reality. Through various statistical calculations, the differences between the predictions obtained by means of the different interpolation methods and the real data recorded at the rain gauges can be observed. In this paper, the interpolation results were validated via cross-validation. The cross-validation was conducted by estimating the yearly time series from 1998 to 2010 at one gauge using all other rain gauges. The cross-validation was used to verify the accuracy of the different interpolation methods. To evaluate the goodness-of-fi t, we calculated the mean absolute error (MAE), the mean relative error (MRE), and the root mean square error (RMSE) [3, 16, 28] . The MRE represents the percentage of error between the observed and predicted values, while the RMSE and MAE summarize the mean difference in the units of observed and predicted values [3] . The MAE, MRE, and RMSE are defi ned as follows: 
Results
The Suitability of Three Different Interpolation Methods
In general, interpolation methods that used covariates had an advantage over univariate methods. The results, based on cross-validation (which were indicated by MAE, MRE, and RMSE for the different interpolation methods), are presented in Fig. 2 . Among the interpolation methods, ordinary kriging and cokriging with covariate as elevation (Cok-elevation) presented similar performances. Comparing covariates, the use of TRMM led to signifi cantly better results than did the use of elevation pattern as a covariate.
The MAE, MRE, and RMSE values ranged from 89.87 mm to 129.63 mm, from 0.23 to 0.58, and from 119.54 mm to 162.07 mm, respectively, across the three different spatial interpolation methods used for data collected from 1998-2010 (Fig. 2) . The MAE, MRE, and RMSE of ordinary kriging were close to the values for Cok-elevation, while the average values amounted The precipitation interpolation maps of the Tibetan Plateau showed different spatial distribution patterns depending on which of the different interpolation methods was used (Fig. 3) . A clear northwest-southeast precipitation gradient exists in all the maps, with high precipitation in the southeast (more than 700 mm) and low precipitation in the northwest (less than 100 mm) of the Tibetan Plateau. Ordinary kriging and Cok-elevation were generally consistent with one another, producing similar precipitation spatial distribution patterns. However, when TRMM data were used as the covariate, the precipitation distribution refl ected the spatial heterogeneity of the Tibetan Plateau .
Correlation relationships between observed precipitation data (from 39 rain gauge stations) and predicted values from spatial interpolation methods are presented in Fig. 4 . The straight 45° line indicates absolute coincidence between observed and predicted data. The correlation coeffi cient values have all passed the signifi cance test (p < 0.01). Among them, the correlation coeffi cient value of Cok-TRMM (r 2 = 0.53) was higher than the correlation coeffi cient values for ordinary kriging (r 2 = 0.46) and Cok-elevation (r 2 = 0.46). Therefore, cokriging could improve the accuracy of precipitation interpolation for the Tibetan Plateau when TRMM data are used as a covariate.
Discussion
Improvement of interpolation results by using additive information from a covariate (Cok-TRMM) is obviously a recommendation of this study, as interpolation methods using covariates had an advantage over univariate methods (ordinary kriging). This fi nding is in agreement with those of other studies, in which cokriging (distance from the coastline as a covariate) was found to be the best interpolation method for the Tibetan Plateau [29] . Kriging requires a suffi cient number of data points to generate a reliable semivariogram, and autocorrelation with univariate (ordinary kriging) increases almost linearly with decreasing distance. Therefore, ordinary kriging is not the method of choice for scarce rain gauges.
Cok-elevation for precipitation interpolation can also provide better results in many studies [18] . However, its superiority was not obvious when compared to ordinary kriging in this study. If high elevation precipitation measurements are missing or large-scale processes regulate the small-scale orographic precipitation effects, a signifi cant correlation between elevation and precipitation may not be acquired from the data. This is often the case, especially in data-scarce regions. Consequently, precipitation dependence on elevation cannot be explored in the study area; Cok-elevation thus delivered a weak performance in predicting annual precipitation of the Tibetan Plateau.
The reason for Cok-elevation's weak performance may be the low correlation between annual precipitation and elevation on the Tibetan Plateau. The highest correlation coeffi cient (r = -0.61**) was obtained in 1998; thus, the Cok-elevation method performed better than ordinary kriging that year (Fig. 2) . No signifi cant correlations were found between annual precipitation and elevation in 2003, 2005, 2008, and 2009 (Table 1) . Therefore, the precision of the interpolation method that relied on elevation as a covariate demonstrated little improvement compared with ordinary kriging. This fi nding is consistent with that of previous research, in which DEM as a covariate was found to serve as a poor interpolation method on the Tibetan Plateau [29] .
Satellite data as a covariate is increasingly used for precipitation interpolation [1] . The results demonstrate that the annual precipitation pattern obtained from TRMM data serves as a valuable covariate. Within the geographic range from 38°S to 38°N, TRMM data as an alternative to empirical covariates provides a spatial precipitation pattern. Cok-TRMM displayed the best performance across the three interpolation methods because its spatial resolution (0.25° grid) makes it superior to empirical covariates.
The reason behind Cok-TRMM's superior performance may be the high correlation between annual precipitation and TRMM data. The correlation coeffi cients were all over 0.65, particularly in 1998, 2003, 2005, 2006 , and 2009; they even exceeded 0.80 (Table 1) . In these years, Cok-TRMM performed signifi cantly better than the other two interpolation methods. Specifi cally, Cok-TRMM was more effective when the covariates were highly correlated. For the MAE in 2007 and 2010 and the MRE in 2005, 2007, and 2010, the results for Cok-TRMM were relatively poor. One possible reason is that in Gar, TRMM data overestimate annual precipitation when the observed data is less than 50 mm. Therefore, the contribution of secondary data to the cokriging assessment depends not only on the correlation between principal and secondary variables but also on their patterns of spatial continuity. The TRMM pattern shows great spatial variability, resulting in certain areas (the northwest) having more and other areas (the southeast) having less precipitation. When comparing the covariates, the use of TRMM yielded signifi cantly better results than did the use of elevation patterns as a covariate.
TRMM3B42 has a low (0.25° grid) spatial resolution and often does not meet requirements. Therefore, spatial interpolation methods thus need to be studied. The spatial resolution after interpolation can match other remote sensing satellite image data. The results can be applied to many models, including CASA and SWAT, among others. Improved interpolation accuracy can yield reliable model results that are particularly valuable in data-scarce regions.
In the future, we should observe a greater degree of spatial variability, as evidenced by variable precipitation patterns.
Conclusions
Precipitation is a signifi cant parameter in ecology, hydrology, and meteorology; it is an essential component of the global water cycle. In this study, three different interpolation methods (ordinary kriging, cokriging with covariates as elevation, and cokriging with covariates as TRMM data) were applied to compare predicted precipitation spatial distribution on the Tibetan Plateau. An annual precipitation spatial distribution with a 250 km resolution from 1998 to 2010 was produced. Comparing and analyzing the MAE, MRE, and RMSE for three geostatistical interpolation methods indicated that the use of elevation patterns as a covariate (Cok-elevation) gives results similar to those obtained via ordinary kriging. The Cok-TRMM method, on the other hand, produces signifi cantly better results than either of the other two methods . Thus, the use of TRMM data as a covariate could improve interpolation precision, providing a new spatial interpolation method for precipitation in datascarce regions.
